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training phase. The three hidden layered artificial neural network models take more time for computation during training phase but the predicted results are more accurate with less variations in the absolute error in the verification phase. This study will be useful to the industry for designing the needle-punched nonwoven fabric made out of jute-polypropylene blended or polyester fibres for desired fabric properties. The cost for design and development of desired needle-punched fabric property of the said nonwovens can also be minimised.
Materials and methods

Materials
Polypropylene fibre of 0.44 tex fineness, 80 mm length; jute fibres of Tossa-4 grade and polyester fibre of 51 mm length and 0.33 tex fineness fibre of were used to prepare the fabric samples. Some important properties of fibres are presented in Table 1 . Sodium hydroxide and acetic acid were used for woollenisation of the jute. 
.1 Preparation of jute, jute-polypropylene blended and polyester fabrics
The raw jute fibres do not produce good quality fabric because there is no crimp in these fibres. To develop crimp before the fabric production, the jute fibres were treated with 18% (w/v) sodium hydroxide solution at 30°C using the liquor-to-material ratio of 10:1, as suggested by Sao & Jain, 1995 . After 45 min of soaking, the jute fibres were taken out, washed thoroughly in running water and treated with 1% acetic acid. The treated fibres were washed again and then dried in air for 24 h. This process apart from introducing about 2 crimps/cm also results in weight loss of ∼ 9.5%. The jute reeds were opened in a roller and clearer card, which produces almost mesh-free stapled fibre. The woollenised jute and polypropylene fibres were opened by hand separately and blended in different blend proportions (Table 2 ). The blended materials were thoroughly opened by passing through one carding passage. The blended fibres were fed to the lattice of the roller and clearer card at a uniform and predetermined rate so that a web of 50 g/m 2 can be achieved. The fibrous web coming out from the card was fed to feed lattice of cross-lapper and cross-laid webs were produced with cross-lapping angle of 20°. The web was then fed to the needling zone. The required needling density was obtained by adjusting the throughput speed. Different web combinations, as per fabric weight (g/m 2 ) requirements were passed through the needling zone of the machine for a number of times depending upon the punch density required. A punch density of 50 punches/cm 2 was given on each passage of the web, changing the web face alternatively. The fabric samples were produced as per the variables presented in Table 2 . -10  350  150  20  80  -11  350  350  60  40  -12  350  350  20  80  -13  350  250  40  60  -14  350  250  40  60  -15  350  250  40  60  -16  393  150  0  100  -17  440  150  0  100  -18  410  250  0  100  -19  392  350  0  100  -20  241  150  100  0  -21  310  250  100  0  -22  303  350  100  0  -23  300  150  80  20  -24  276  250  80  20  -25  205  350  80  20  -26  415  300  --100  27  515  300  --100  28  680  300  --100  29  815  300  --100   Table 2 . Experimental design of fabric samples
The polyester fabric samples were made from parallel-laid webs, which were obtained by feeding opened fibres in the TAIRO laboratory model with stationary flat card (2009a). The fine web emerging out from the card was built up into several layers in order to obtain desired level of fabric weight ( Table 2 ). The needle punching of all parallel-laid polyester fabric samples was carried out in James Hunter Laboratory Fiber Locker [Model 26 (315 mm)] having a stroke frequency of 170 strokes/min. The machine speed and needling density were selected in such a way that in a single passage 50 punches/cm 2 of needling density could be obtained on the fabric. The web was passed through the machine for a number of times depending upon the needling density required, e.g. the web was passed 6 times through the machine to obtain fabric with 300 punches/cm 2 . The needling was done alternatively on each side of the polyester fabric.
The needle dimension of 15 × 18 × 36 × R/SP 3½ × ¼ × 9 was used for all jute-polypropylene, jute and polyester samples. The depth of needle penetration was also kept constant at 11 mm in all the cases. The actual fabric weights of the final needle-punched fabric samples were measured considering the average weight of randomly cut 1 m 2 sample at 5 different places from each sample.
Measurement of tenacity and initial modulus
The mechanical properties like tenacity and initial modulus were measured both in the machine and transverse directions (Debnath et al., 2000a) of the fabric using an Instron tensile tester (Model 4301). The size of sample and the rate of straining were chosen according to ATSM standard D1117-80 (sample size 7.6 cm x 2.5 cm, cross head transverse speed 300 mm/min). Breaking load verses elongation curves were plotted for all the tests. The tenacity was calculated by normalising the breaking load by fabric weight and width of the specimen as suggested by Hearle & Sultan, 1967 . The initial modulus was calculated from the load elongation curves.
Measurement of air permeability
The air permeability measurements were done using the Shirley (SDL-21) air permeability tester (Debnath & Madhusoothanan, 2010b) . The test area was 5.07 cm 2 . The pressure range = 0.25 mm and flow range = 0.04 -350 cc/sec. The airflow in cubic cm at 10 mm water head pressure was measured. The air permeability of fabric samples was calculated using the formula (1) given below (Sengupta et al., 1985 and Debnath et al., 2006) .
Where, AP = air permeability of fabric in m 3 /m 2 /sec, AF = air flow through fabric in cm 3 /sec at 10 mm water head pressure and TA = test specimen area in cm 2 for each sample.
Measurement of compression properties
The initial thickness (Debnath & Madhusoothanan, 2010a) , compression, thickness loss and compression resilience were calculated from the compression and decompression curves. For measuring these properties, a thickness tester was used (Subramaniam et al., 1990) . The pressure foot area was 5.067 cm 2 (diameter = φ2.54 cm). The dial gauge with a least count of 0.01 mm and maximum displacement of 10.5 mm was attached to the thickness tester. The compression properties were studied under a pressure range between 1.55 kPa and 51.89 kPa.
The initial thickness of the needle-punched fabrics was observed under the pressure of 1.55 kPa (Debnath & Madhusoothanan, 2007) . The corresponding thickness values were observed from the dial gauge for each corresponding load of 1.962 N. A delay of 30 s was given between the previous and next load applied. Similarly, 30 s delay was also allowed during decompression cycle at every individual load of 1.962 N. This compression and recovery thickness values for corresponding pressure values are used to plot the compression-recovery curves. The percentage compression (Debnath & Madhusoothanan, 2007) , percentage thickness loss Madhusoothanan, 2009a and Roy, 1999) and percentage compression resilience (Debnath & Madhusoothanan, 2007 , 2009a and 2009b , were estimated using the following relationships (2,3,4):
Thickness loss (%)
where T 0 is the initial thickness; T 1 , the thickness at maximum pressure; T 2 , the recovered thickness; W c , the work done during compression; and W c ′, the work done during recovery process.
The average of ten readings from different places for each sample was considered. The coefficient of variation was less than 6% in all the cases. All these tests were carried out in the standard atmospheric condition of 65 ± 2% RH and 20 ± 2°C. The fabrics were conditioned for 24 h in the above mentioned atmospheric conditions before testing.
Empirical model
An empirical equation of second order polynomial (Box & Behnken, 1960) was derived to predict the mechanical properties (Debnath et al. 2000a ) like tenacity and initial modulus, and physical property like air permeability (Debnath et al. 2000a) were predicted from the results obtained from the samples produced using Box and Behnken factorial design.
Where, Y = predicted fabric property (tenacity or initial modulus or air permeability), X 1 = fabric weight, X 2 = needling density, X 3 = percentage of polypropylene, β 0 is the constant and β i is the coefficient of the variable X i . The predicted values of fabric properties were then compared with the actual values and error (6) was calculated.
Where, E is error in percentage, A is the actual experimental values and P is the predicted values from models.
Artificial neural network model
The physiology of neurons present in biological neural system such as human nervous system was the fundamental idea behind developing the ANNs. This computational model was trained to capture nonlinear relationship between input and output variables with scientific and mathematical basis. In recent days, commonly used model is layered feed-forward neural network with multi layer perceptions and back propagation learning algorithms (Vangheluwe et al., 1993 , Rajamanickam et al., 1997 , Zhu & Ethridge, 1997 and Wen et al., 1998 .
The ANNs are computing systems composed of a number of highly interconnected layers of simple neuron like processing elements, which process information by their dynamic response to external inputs. The information passed through the complete network by linear connection with linear or nonlinear transformations. The weights were determined by training the neural nets. Once the ANN was trained, it was used for predicting new sets of inputs. Multi layer feed-forward neural network architecture (Figure 1 ) was used for predicting the tenacity, initial modulus, air permeability, initial thickness, percentage compression, thickness loss and compression resilience properties of fabrics (Debnath et al., 2000a , 2000b and Debnath & Madhusoothanan, 2008 . The circle in Figure 3 .5 represents the neurons arranged in five layers as one input, one output and three hidden layers. Three neurons in the input layer, three hidden layers, each layer consisting of three neurons and one neuron in the output layer. HL-1, HL-2 and HL-3 are 1 st , 2 nd and 3 rd hidden layers respectively, whereas i and j are two different neurons in two different layers. The neuron (i) in one layer was connected with the neuron (j) in next layer with weights (W ij ) as presented in the Figure 1 . The data were scaled down between 0 and 1 by normalizing them with their respective values. The ANN was trained with known sets of input-output data pairs. 
Results and discussion
Modelling of tenacity and initial modulus
The empirical and ANN models for tensile properties have been developed from the experimental values (Debnath et al., 2000a) of fifteen sets of selected fabric samples as shown in Table 3 . The constants and coefficients of the empirical model for the fifteen fabric sample sets (Table  3) were calculated with the help of multiple regression analysis, are given in Table 4 . The ANN was trained up to 64,000 cycles to obtain optimum weights for the same sample sets used to develop emperical model (Table 3 ). The weights of ANN for tenacity and initial modulus on both machine and transverse direction were presented in Table 5 . Tables 6 and  7 show the experimental, predicted values and their prediction error for tenacity and initial modulus respectively. The Table 6 shows a very good correlation (R 2 values) between the experimental and predicted tenacity values by ANN than by empirical model in both the machine and transverse directions of the fabrics. Similar trend was also observed in the case of initial modulus (Table 7) . The ANN models of tenacity and initial modulus show much lower absolute percentage error and mean absolute percentage error than that of empirical model (Tables 6 and 7 Table 6 . Experimental and predicted tenacity values by empirical and ANN models indicates that the prediction by ANN model is closer to the experimental values and variations of error among the samples were also lower than the prediction by empirical model. This could be due to the fact that the prediction by empirical model is not very accurate when the relationship between the inputs and outputs is nonlinear (Debnath et al. 2000a) .
Verification of tenacity and initial modulus models
An attempt was made to predict the tenacity and initial modulus in machine direction and in transverse direction to understand the accuracy of the models. The ANNs and empirical models were then presented to three sets of inputs, which have not appeared during the modeling phase as shown in Table 8 . The input variables were selected in such a way that one input variable is beyond the range with which the ANN was trained or empirical model was developed. The Table 8 indicates that the prediction errors of ANNs were lower in both the directions of the fabric for tenacity and initial modulus in comparison with that of empirical model (Debnath et al., 2000a) . In Table 8 the predicted tenacity and initial modulus values by ANN gives higher absolute percentage error than the predicted values in Tables 6 and 7 . This may be due to the fact that the selected input variables (Table 8 ) were beyond the range over which the empirical or ANN models were developed (Debnath et al., 2000a) . However, in most of the cases of prediction ANNs give lesser absolute percentage error than the empirical model. 
Modelling of Air permeability
The emperical and ANN models were developed from selected fifteen sets of fabric samples as shown in Table 3 . The empirical model (7) derived using Box and Behnken factorial design for predicting the air permeability is given below. AP = -8.54E-3X 1 +2.695E-3X 2 -4.58E-2X 3 +3.05E-6X 1 2 +9.925E-6X 2 2 +3.578E-4X 3 2 -1.79E-5X 1 X 2 +5.076E-5X 1 X 3 -3.846E-5X 2 X 3 + 5.401
Where, AP= air permeability (m 3 /m 2 /s) X 1 = fabric weight (g/m 2 ), X 2 = needling density (punches/cm 2 ) and X 3 = percentage polypropylene content in the blend ratio of polypropylene and woollenised jute. Since the coefficient of determination (R 2 = 0.97) value is very high, we can conclude that the empirical model fits the data very well. During training the ANN models for air permeability, the minimum prediction error for all ANN models was obtained within 40,000 cycles (Debnath et al., 2000b) . Table 9 . Weights of ANN model with three hidden layers for air permeability
The Table 10 shows the correlation between experimental and predicted values of air permeability. It is clear that the 'R 2 ' values for ANN of three hidden layers were maximum followed by empirical model, two layers and single hidden layer ANN respectively. From the Table 10 it can also be observed that the average absolute error was found minimum while using ANN with three hidden layers, followed by ANN with two hidden layers, empirical model and ANN by single hidden layer respectively. The standard deviation of absolute error also follows the same trend. The ANN model with single hidden layer has low correlation between the experimental and predicted values (Debnath et al., 2000b) . This may be because the ANN with one hidden layer has only two neurons. Both the number of neurons and the hidden layers are responsible for the accuracy in the predicted model. The ANN with three hidden layers shows the best, predicted results. The empirical model is not as good as ANN of three hidden layers. Though, the correlation between the experimental and predicted values of empirical model is higher than ANN model with two hidden layers, but the mean percentage absolute error is quite high in the case of empirical model than ANN with two or three hidden layers. This is probably due to the fact that the empirical model may require a larger sample size when the relationship between input and output variables is nonlinear (Fan & Hunter, 1998 
Verification of air permeability models
The trained ANN with three hidden layers (3HL) and the empirical models were then used to predict the air permeabilityproperty of six different sets of input pairs. The input variables are selected in such a way that one or two input variables are beyond the range, with which the ANN was trained and empirical model was developed (Table 11) . It can be observed that, the percentage absolute error with ANN, ranges between 00.60 and 14.62. However, the percentage absolute error is between 04.32 and 30.00, while predicting with empirical model. The prediction of air permeability was more accurate with ANN, compared to empirical model even when the inputs are beyond the range of modeling (Debnath et al., 2000b) .
Modelling of compression properties
The ANN models for initial thickness (IT), percentage compression (C), percentage thickness loss (TL) and percentage compression resilience (CR) have been developed from the selected twenty-five sets of fabric samples and corresponding experimental values of compression properties shown in (Table 12) . Table 12 . Experimental design for compression properties
The ANN was trained separately up to certain number of cycles to obtain optimum weights for each compression properties. The number of cycles to achieve optimum weights for initial thickness, percentage compression, thickness loss (%) and percentage compression resilience are found between 320000 and 5120000 cycles as presented in Table 13 . A very large number of simulation cycles was required because more number of input variables was used to develop the ANN model (Debnath & Madhusoothanan, 2008) ..
Number of cycle Compression property
One hidden layer Two hidden layers Three hidden layers Initial thickness, mm 2560000 2560000 2560000
Percentage compression 1280000 2560000 5120000
Percentage thickness loss 320000 1280000 2560000
Compression resilience, % 640000 2560000 5120000 Table 13 . Optimum number of cycles of one, two and three hidden layered ANN models for compression properties
The optimum weights of ANN for initial thickness, percentage compression, thickness loss (%) and percentage compression resilience are shown in Tables 15 to 18 show the experimental and predicted values of initial thickness, compression (%), percentage thickness loss and percentage compression resilience respectively. These tables also indicate the effect of number of hidden layers on the percentage error, standard deviation and correlation between the experimental and predicted results for the corresponding compression properties. Table 15 shows a very good correlation (R 2 values) between the experimental and the predicted initial thickness values by ANN. Among the results obtained, the ANN with three hidden layers presents comparatively highest R 2 value with lowest error. The standard deviation of percentage absolute error is also found to be less in the case of ANN model with three hidden layers. Similar trend has also been observed in case of percentage compression and percentage thickness loss as depicted in Tables 14 and 15 respectively. The ANN model with two hidden layers performs better in terms of percentage error and standard deviation of percentage error in the case of percentage compression resilience (Table 16 ). In the cases where average error for the ANN models with three different hidden layers shows more or less similar values, the priority is given to the standard deviation of errors (Debnath & Madhusoothanan, 2008) . This study shows that in majority of the cases, the three hidden layered ANN models present better results for predicting compression properties of needle-punched fabrics. Though the three hidden layered ANN models take more time during training phase, the predicted results are more accurate in comparison to ANN models with one and two hidden layers, with less variations in the absolute error (Debnath et al., 2000a 
Verification of Models for compression properties
Further, attempts have been made to predict the compression properties to understand the perfection of the models. The ANNs models were then used to four sets of inputs, which have not been utilized during the modeling phase as shown in Table 19 . Tables 15 to 18 . Specifically, in case of sample code 28, all the properties predicted during verification are high. Two samples of this category (100% jute) have been used during the training phase (Table 10 ). This might be the reason for higher error in sample code 28 (Debnath & Madhusoothanan, 2008) . Hence, the learning process by ANN itself is very poor compared to other samples, this ultimately increases the error during verification (Table 20) . 
Conclusions
From this study it is clear that the tensile and air permeability property of needle punched non-woven fabric can be predicted from two different methodologies-empirical and ANN models. The ANN model for prediction of tensile properties of needle punched non-woven is much more accurate compared to the empirical model. Prediction of tensile properties by ANN model shows considerably lower error than empirical model even when the inputs were beyond the range of inputs, which were used for developing the model. It can also be concluded that ANNs can be used effectively even for predicting nonlinear relationship between the process parameters and fabric properties. Both the methods can be implemented successfully as far as the air permeability of such needled fabric is concerned. The prediction accuracy of the ANN with three hidden layers is the best amongst all the predicting models used in this work. The ANN with three hidden layers is the best, which, gives highest correlation with lowest prediction error between actual and predicted values of air permeability of needle punched non-woven. The ANN with three hidden layers also shows lesser error when compared to an empirical model even when input variables are extrapolated over which the models were developed. ANNs can be used effectively for predicting nonlinear relationship between the process parameters and the fabric compression properties. The number of cycles to achieve optimum weights for initial thickness, percentage compression, thickness loss (%) and percentage compression resilience are found between 320000 and 5120000 cycles. There is a very good correlation (R 2 values) with minimum error between the experimental and predicted initial thickness, percentage compression and thickness loss values by ANN with three hidden layers. The standard deviation of percentage absolute error is also found to be less in the case of ANN model with three hidden layers for initial thickness, percentage compression and percentage thickness loss. The ANN model with two hidden layers performs better in terms of percentage error and standard deviation in the case of percentage compression resilience. The three hidden layered ANN models take more time for computation during training phase but the predicted results are more accurate with less variations in the absolute error in the verification phase. Based on the experiences the ANN model can be well used to model and predict other important properties of needle-punched nonwoven fabrics made of different fibre materials.
